This study aims to assess gully erosion susceptibility and delineate gully erosion-prone areas in Toroud Watershed, Semnan Province, Iran. Two different methods, namely, logistic regression (LR) and evidential belief function (EBF), were evaluated, and a new ensemble method was proposed using the combination of both methods. We initially created a gully erosion inventory map using different resources, including early reports, Google Earth images, and Global Positioning System-aided field surveys.
| INTRODUCTION
Water-related soil erosion is one of the most important natural hazards in arid and semiarid regions. Apart from the land degradation, loss of soil resources, reduction of soil fertility, desertification, and destruction of human infrastructure (on site impacts), with the deposition of materials in the canals and downstream slopes, impact on surface water resources and quality and also impose economic and ecological costs to societies and therefore has a negative impact on their sustainability development (off-site impacts; Ayele et al., 2016) . Global estimates show that approximately 6 million hectares of arable land lose their fertility annually due to soil erosion (Worker, 2004) . Iran ranks second worldwide in terms of the volume of soil erosion (Najafi, 2005) . The annual amount of soil losses in Iran is 2 to 2.5 billion tons, which is equivalent to 8% of the global soil erosion (Najafi, 2005) . This amount is significant, considering that Iran's share of land area is 1.1% of the world's land area. Conditions are extremely alarming that in the draft law on soil conservation and water management, more than half the area of Iran (88 million hectares) is declared in a critical state of erosion per hectare (Najafi, 2005) . Gully erosion is the main destructive type of water-induced soil erosion worldwide (Pourghasemi, Yousefi, Kornejady, & Cerdà, 2017; Rahmati, Tahmasebipour, Haghizadeh, Pourghasemi, & Feizizadeh, 2017) . According to various definitions, a gully is a deep channel with steep slope edges caused by soil erosion and has a cross section that is greater than 0.304 m (Food and Agriculture Organization, 1965; Wang et al., 2016) . The gully erosion, as a degradation process, with the destruction of surface and subsoil horizons leads to the massive deformation of the land surface and often causes extreme land degradation. Development of gullies is considered as a catalytic agent of destruction of agricultural land, residential areas, and infrastructures. Therefore, this phenomenon imposes extensive damages to humankind (Mekonnen, Keesstra, Baartman, Stroosnijder, & Maroulis, 2017; Pulley, Ellery, Lagesse, Schlegel, & Mcnamara, 2018) .
These results have driven numerous investigations over the last decades, with the aim to develop methods for evaluating gully erosion processes and susceptibility mapping (Rahmati et al., 2017; Shellberg, Spencer, Brooks, & Pietsch, 2016) . The latter is a prerequisite for decision makers and land use planners. Geographical information system (GIS) is considered a basic analysis tool for gully erosion susceptibility mapping (GESM) because it effectively manipulates spatial data (McCloskey, Wasson, Boggs, & Douglas, 2016) . Moreover, recent advancement in remote sensing and modelling techniques contribute to significant improvements in GESM (Shellberg et al., 2016) . Gully erosion is a compound of different physiographic factors (Dube et al., 2014 ) that interplay at small and large scales. Therefore, the community has focused its efforts on GIS-based techniques for GESM, including weights-of-evidence (Rahmati, Haghizadeh, Pourghasemi, & Noormohamadi, 2016) , frequency ratio (Conforti, Aucelli, Robustelli, & Scarciglia, 2011; Umer et al., 2014) , logistic regression (LR; Conoscenti et al., 2014) , information amount , the analytical hierarchy process (Zakerinejad & Marker, 2014) , multivariate adaptive regression splines, artificial neural network (Rahmati et al., 2017) , support vector machine , classification and regression tree (Marker, Pelacani, & Schroder, 2011) , random forest (Kuhnert et al., 2010) , and ensemble of artificial neural network-support vector machine and maximum entropy data mining methods .
Generally, statistical methods can obtain accurate results because they can use different datasets (Yilmaz, 2009) . Moreover, they commonly involve a catchment to regional scales for gully erosion studies.
Such methods derive functional relations between gully erosion occurrences and a set of conditioning factors. In the present study, two statistical methods, namely, evidential belief function (EBF) and LR methods, were applied. Literature review showed that LR and EBF methods have been successfully used for landslide assessment (Althuwaynee, Pradhan, & Lee, 2012; Bui et al., 2017; Chen et al., 2017; Pham, Pradhan, Bui, Prakash, & Dholakia, 2016; Pourghasemi, Moradi, & Aghda, 2013; Wang et al., 2016) . Additionally, machine learning approaches are commonly used in the literature (Althuwaynee, Pradhan, Park, & Lee, 2014; Bui, Pradhan, Lofman, Revhaug, & Dick, 2012; Oh & Pradhan, 2011; Tehrany, Pradhan, Mansor, & Ahmad, 2015) .
Compared with other statistical approaches, LR methods allow selecting the variables step by step with the least amount of contingent error rates for the spatiotemporal prediction of the future events outside the training area (Brenning, 2005) . LR can include independent variables of categorical or continuous nature (Brenning, 2005) . It characterises the type of relationship between gully erosion occurrence and conditioning factors, which can be positive or negative (S. Lee, 2005) . Meanwhile, EBF methods compute the correlation between gully erosion and conditioning factors.
On the basis of the literature review, despite the high capability of the EBF and LR methods in hazard mapping, no comprehensive study on the combination of these methods for GESM exists. The main purpose of this research is to apply an ensemble bivariate (EBF) and multivariate (LR) models as a new approach in Toroud Watershed to identify the risk areas of gully erosion. The results would contribute to the sustainable development in this area and minimise soil and economic losses. 
| MATERIAL AND METHODS

| Study area
| Methodology
As shown in Figure 2 , this study is conducted in four stages, as follows: (a) preparation of data (Meyer & Martinez-Casasnovas, 1999 respect to a given set of covariates, and predict potential future occurrences. The gully erosion literature has also used this hypothesis to study the susceptibility of a given area .
However, for GESM, the primary requirement includes the data collection or inventory that represents the dependent variable of any predictive method .
In the present work, early reports, Google Earth images (dated May 22, 2017) , and comprehensive field surveys were used to determine the locations of gully erosion and construct an accurate gully erosion inventory map. A total of 128 gullies in the study area were digitised ( Figure 1) . Out of the 128 gully erosion occurrences, 90 cases (70%) were randomly selected to calibrate our methods, and the remaining 38 gullies were used for validation (Cama et al., 2017) . Some samples of gullies are shown in Figure 3 .
| Gully erosion conditioning factors (independent variables)
The selection of suitable gully erosion conditioning factors (independent variables) is a main step in the modelling of phenomena, such as gully erosion (Rahmati et al., 2017) .
Sixteen geo-environmental parameters were selected on the basis of the relevant literature (Rahmati et al., 2017) and the opinions of academics and natural resources experts. Out of these 16 factors, the geomorphometric ones were derived from a digital elevation model with horizontal resolution of 30 m using the ASTER GDEM elevation data together with ArcGIS 10.5 and SAGA-GIS software.
For clarity, we report the manner in which we computed the less common predictors adopted in this study (i. 
where A S is the special area of the basin (m 2 m −1
) and β is slope in degrees.
Landsat 8 The classes of each gully erosion conditioning factor are shown in Table 2 . The pixel size of all layers is the same with that of the digital elevation method (Dube et al., 2014) .
| Multicollinearity analysis of gully erosion conditioning factors
When applying any linear statistical method, the multicollinearity of data may hinder the reliability and interpretation of results (B. Pradhan & Sameen, 2017; B. Pradhan & Seeni, 2018; B. Pradhan, Seeni, & Kalantar, 2017) . Multicollinearity is defined as the linear dependency that links two or more independent variables in a dataset. Thus, multicollinearity must be checked even for gully erosion susceptibility methods. Several approaches may be adopted to assess multicollinearity. For example, the least absolute shrinkage and selection operator (Camilo, Lombardo, Mai, Dou, & Huser, 2017) is popularly used to penalise the number of covariates in each method, thereby removing the redundant information carried by collinear predictors. Alternatively, an example can be found in the literature where the variance inflation factor (VIF) is used to recognise the presence of multicollinearity in data (Cama et al., 2017) .
Here, we opted for VIF, which is the reciprocal of tolerance (TOL), and calculated as 1 − R 2 , where R 2 is obtained by regressing each variable with respect to the remaining variables in the multivariate regression (Holloway, Rudy, Lamoureux, & Treitz, 2017) . A TOL ≤ 0.1 or a VIF ≥ 10 indicates serious multicollinearity (Du, Zhang, Iqbal, Yang, & Yao, 2017) .
| LR method
LR is a multivariate statistical method that corresponds to the generalised linear method when the distribution to be fitted corresponds to the Bernoulli distribution (Hemasinghe, Rangali, Deshapriya, & Samarakoon, 2018) . This distribution describes the probabilities of a binary outcome; thus, it is extremely convenient for predicting the presence or absence of gully erosion. LR can derive multivariate relationships between gullies and a set of predictors, assuming linearity between the target and explanatory variables, the latter being continuous and categorical in nature (S. Lee, 2005) . These relationships can be used in an additive equation to produce the probability of gully occurrence, thereby generating GESMs (Zhou et al., 2017) . Generalised linear methods, particularly LR, are quantitative methods that determine the influence of each independent variable through the coefficients and antilogarithm of the coefficients (S. Lee & Sambath, 2006) , which offers geomorphologists a chance to infer which environmental properties may dominate the rise of gully erosion and perform remediation to mitigate such phenomenon. The LR is expressed as follows:
where P is the possibility of gully erosion occurrence, denoted by 0 to 1, and Z denotes the gully erosion conditioning parameters and presumed as a linear composition of the conditioning factors, X i (i = 1, 2, …, n), shown as follows:
where C 0 is the constant coefficient of the method and X 1 , X 2 , …, X n are the coefficients of independent variables C 1 , C 2 , C n , respectively.
| EBF method
EBF methods have been successfully used as a data-based approach for potential assessment of mineral deposits and landslide and groundwater susceptibility mapping (Mogaji et al. 2014) . Data-driven EBF methods can compute the weight of each class of conditioning factors using the relationship between classes and phenomenon occurrence (Wang et al., 2016) . This method has four functions, including belief 
where N( F ∩ A ij ) is the aggregation of gullies occurring in A ij , N( F ) is the total aggregation of the entire gullies in the study area, N(A ij ) is the aggregation of pixels in A ij , and N(P) is the aggregation of pixels in the entire study area.
| Validation of GESMs
A suitable validation is necessary to produce a reliable GESM for any area (Rahmati et al., 2016) . Various validation strategies have been introduced in the literature, among which the receiver operating characteristic curve and its integral (known as AUC) have been widely adopted in the geomorphological community together with success or prediction rate curve (Frattini, Crosta, & Carrara, 2010) , and cell area index (Süzen & Doyuran, 2004) .
In this study, we combined AUC and SCAI to provide a comprehensive assessment of the validation performance (Hong et al., 2018; Thai Pham et al., 2018; J. Lee, Sameen, Pradhan, & Park, 2018; Pourghasemi & Rahmati, 2018) .
AUC is one of the most useful and efficient methods for predicting and determining the accuracy of models (Gómez-Gutiérrez, Conoscenti, Angileri, Rotigliano, & Schnabel, 2015) . In fact, this curve is considered a graphical representation of the true prediction of occurrence and nonoccurrence of a phenomenon (Dube et al., 2014) .
AUC represents the predictive amount of the system by describing its capability to estimate the occurrence (the presence of gully) and nonoccurrence (the absence of gully) of events accurately. If a method (0) cannot estimate the occurrence of gullies better than the probable or random point, then the AUC is 0.5 and therefore the least accurate; if the AUC is equal to 1, then the method is the most accurate. AUC values can be classified as follows: 0.5-0.6, poor; >0.6-0.7, average; >0.7-0.8, good; >0.8-0.9, very good; and >0.9-1, excellent (Yesilnacar, 2005) . The SCAI validation technique was proposed by Süzen and Doyuran (2004) . SCAI is calculated by dividing the percentage of pixels of the specific gully erosion susceptibility class by the percentage of the pixels of existing gullies in the specific gully susceptibility zone. SCAI shows the density of gullies among the gully susceptibility zones (Pawluszek and Borkowski, 2017) . In the SCAI indicator, the high and very high susceptibility classes have very small SCAI values, and low and very low susceptibility classes have higher SCAI values (Süzen & Doyuran, 2004) .
3 | RESULTS
| Multicollinearity test
Before applying the EBF and LR methods, we checked for potential linear dependencies between the pairs of covariates to avoid multicollinearity among variables. The values of TOL and VIF of the 16 conditioning factors were calculated to detect multicollinearity (Table 3) . From Table 3 , the maximum VIF and minimum TOL were 3.452 and 0.290, respectively. The results indicated that no multicollinearity existed between the conditioning factors.
| LR method
In this study, we calculated the regression coefficients of the gully erosion conditioning factors using IDRISI software. The coefficients of the gully erosion conditioning factors using the LR method are shown in 
According to the z value, the P values were computed using Equation (4). The P values varied from 0.0032 to 0.074. The subsequent susceptibility amounts were classified into five classes (Figure 6a ) according to the natural breaks method (Du et al., 2017) .
The resulting map indicated that the low class had the largest area (30.85%), followed by the moderate (18.18%), very low (17.56%), high (17.26%), and very high (16.12%) classes. In addition, the largest percentage (47.15%) of the total gullies fell in the very high susceptibility zones, followed by the moderate (27.15%), high (13.11%), low (11.65%), and very low (0.917%) susceptibility zones (Table 5 ).
| EBF method
The results of the EBF method are shown in Table 4 In the case of SPI, the results indicate that the class of 7,000-11,000 has a high susceptibility to gully erosion, and the class of >11,000 with the lowest Bel amount (0.055) has the weakest correlation with gully occurrence. According to the Bel degree of the LS factor, a direct relationship exists between susceptibility to gully occurrence and Bel degree. Therefore, the probability of gully erosion increases proportionally with LS. 
The result of the EBF method ranges from 1.850 to 6.750. Then, the resultant GESM was divided into five classes from very low to very high (Figure 6b ; Arabameri, Pourghasemi, & Yamani, 2017; Wang et al., 2016 27.20% of the total gullies fall in the very high and high susceptibility zones, respectively, whereas moderate, low and very low susceptibility zones are 15.16%, 6.25%, and 1.56% of the gullies, respectively (Table 5) .
| Ensemble method
The combination of models compounds the results of individual methods into a combined method to increase the precision of prediction capability and has therefore received considerable interest from researchers (Du et al., 2017) . In the present work, LR and EBF methods were combined for the GESM of Toroud Watershed to overcome their individual disadvantages. For this purpose, the coefficients obtained by LR were multiplied by the weight obtained in the EBF method using Equation (14). Finally, the susceptibility of landscape to gully erosion was computed in ArcGIS 10.5 using the Weighted Sum tools.
The resultant map was classified into five classes similar to those of the EBF and LR methods (Figure 6c (1.737 km 2 ) that fall in the low, moderate, high, and very high susceptibility classes, respectively.
| Validation of the three methods
The results of validation using the AUC and SCAI methods are shown
in Tables 5 and 6 developed ensemble methods in order to overcome their disadvantages and increase their efficiency (Tehrany, Lee, Pradhan, Jebur, & Lee, 2014) . In this study, two types of bivariate and multivariate data-driven methods, namely, EBF and LR, and their ensemble were applied to produce GESMs. Given that the results of data-driven methods are obtained from data, the input data should be reliable. In this study, early reports, Google Earth images, and comprehensive field surveys by Global Positioning System were used to produce the gully erosion inventory, from which all the analyses were performed.
Bivariate statistical methods (such as EBF) can perform a quantified prediction of susceptibility using the factor class weighted amounts acquired according to the distribution of events (Du et al., 2017; Tehrany, Pradhan, & Jebur, 2013) . The main advantage of EBF is that, unlike other bivariate models, EBF supports a series of mass functions including belief, disbelief, uncertainty, and plausibility. Therefore, the results can adequately show quantitative relationships between gully occurrences and conditioning factors by modelling the degree of uncertainty.
The main disadvantage of EBF method is its incapability to compute the weight of conditioning factors. EBF has been used in various research ranging from landslide susceptibility to groundwater potential mapping (Park et al., 2014; Wang et al., 2016; Zeinivand & Ghorbani Nejad, 2018) . Wang et al. (2016) stated that the EBF method with AUC = 80.09 is highly capable of predicting areas prone to landslide.
Meanwhile, the main advantage of multivariate methods, such as LR, is its capability to evaluate the relationship between an occurrence and the conditioning factors. Thus, such methods enable the assessment of the significance and the removal of causative factors (Du et al., 2017; Pourghasemi et al., 2013; Raja, Cicek, Turkoglu, Aydin, & Kawasak, 2017) . Pourghasemi et al. (2013) showed that binary LR, compared with other methods, is highly capable of identifying areas prone to landslide. Raja et al. (2017) 
| CONCLUSION
This study was carried out in order to not only investigate the capability of an ensemble model, EBF-LR, to predict the GESM, but also compare its capability with that of standalone EBF and LR models. Over the years, researchers and natural resource managers around the world have been working on various types of models to asses GESM.
In this research, a new scientific methodology framework is proposed using a combination of bivariate (EBF) and multivariate (LR) methods implemented in a GIS to predict gully erosion-prone areas. For this purpose, 16 gully erosion conditioning factors and 90 gully locations (training dataset) are used for modelling and GESM. Subsequently, 38 gully locations (validation dataset) are used for validation of GESMs. The resultant maps can be used for preventive measures and to reduce possible damages caused by them.
In addition, the importance of all gully erosion conditioning factors was investigated on the basis of all modelling approaches. The result of LR method indicates that factors of LU/LC, lithology, and distance to road have the greatest effect on gully occurrence in the study area.
The results of validation using AUC and SCAI indicators confirm that the proposed integrated method has a higher accuracy than the individual EBF and LR methods. The results show that the areas with very high susceptibility to gully erosion are mainly distributed in the central part of the study area, and gully occurrence is highly predicted near the roads and rivers, flat topography, sparse vegetation, and lithology susceptible to erosion. Unfortunately, despite the large dispersion of gullies and the erosion activity in the study area, no measures have been considered to control the growth of gullies and the risk of losses from erosion, and the most destructive type of erosion has not been seriously investigated by authorities. The revitalisation of vegetation, which increases surface roughness, improves soil, increases organic matter, and decreases runoff; the management of human activities to prevent and reduce their destructive effects, especially on slopes;
and the prevention of grazing in areas sensitive to gully erosion are proposed to reduce the rate of erosion in the study area.
Due to the higher accuracy of the GESM using a combined approach, planners and decision makers can use it to carry out developmental projects such as road construction and electricity and gas transmission lines in order to prevent possible damages.
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